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Abstract: Without question, 2020 was an unprecedented period for all businesses and consumers
in the world, especially for social commerce businesses. Growing online shopping during the
pandemic has proliferated the appetite of social commerce websites. Drawing on the situational
influences’ theory and social support theory, the purpose of this study was to investigate the impact
of situational influences during the COVID-19 pandemic on online purchase intention across the big
five personality traits. The data were collected via online survey. The sample consisted of 349 social
commerce website users in the UK. The model was tested using Partial Least Squares-Structured
Equation Modelling (PLS-SEM). The results showed the different cohorts of buying intention on social
commerce websites. Social support does not impact online purchase intention, while other situational
factors do. Moreover, the model varied across the big five personality traits. The study substantially
contributes to social commerce by investigating the social support and situational influences across
different types of personality traits on online purchase intention during the pandemic.
Keywords: COVID-19 pandemic; personality traits; situational; influences; social commerce; social
support
1. Introduction
Indeed, 2020 was an unprecedented year for the whole world. Since the outbreak of
Coronavirus in December 2019 (“COVID-19” hereafter) and its associated disease, a global
pandemic began in early 2020 and is still evolving around the globe. In January 2020, the
virus was reported in Europe and subsequently spread around the European countries,
including the UK. As of May 2021, there were 159 million global cases and 3,306,039 global
deaths, approximately 4% in the UK [1]. The pandemic caused a tremulous shift in people’s
lives, works, jobs, and activities. National new policies have been launched, such as social
distancing, travel restrictions, lockdowns, and mask and glove wearing, and staying at
home when going outside is unnecessary [2–4].
With the fatality and contagion rates continuing to rise and with the curve of infection
rates not seriously flattened, markets, businesses, and consumers’ activities were badly dis-
turbed. Though the COVID-19 pandemic has tremendously shifted organizations to digital
business operations, its impacts on consumer behavior have received little consideration [5].
The threat of the pandemic has remarkably taken consumers to e-commerce websites [6].
According to a recent survey by McKinsey & Company, UK consumers intended to spend
30% to 49% more on groceries and necessities via digital channels, that is, 30% growth on
food and groceries and less on apparel, household, entertainment, services, and travel and
transportation products [6]. The COVID-19 pandemic introduced a new type of buying
called “Pandemic buying” that causes “scarcity and distress” [7], and, despite the acceler-
ated shift in e-commerce sales, only little has been written on how consumers are faring
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with online purchasing in both context and circumstance settings [8], particularly on social
commerce platforms.
Social commerce is the augmentation of e-commerce. Social commerce has impacted
power relations in businesses, handing the power from sellers over to buyers, who can
co-create the value of the brand [9]. Several researchers examined several theories on social
commerce. Some of the most studied include social interaction, social support, social capital,
social influence, and social desire [10–14] Others include purchase decision making [15,16],
trust [17,18], and technology-related factors, such as, perceived usefulness and security
concern [19] and information quality [20]. To the best of the authors’ knowledge, little has
been written on the impact of situational influences on social commerce purchase intention,
either before or during the pandemic. Entertainment is one of major industries that has
been affected by the pandemic. Consumers have changed their entertainment behavior
into social networks’ platforms [21]. The authors argue that the above-mentioned studies
did not investigate the effect of situational influences on social commerce consumers’
online purchase intentions, also overlooking social support, a significant driver behind
the success of social commerce. Moreover, consumers vary in their shopping behavior
according to their personalities, while the role of personality traits are still vague and
unpretentious in social commerce buying intention [22]. A study showed that the COVID-
19 pandemic has increased the online purchasing behavior impacted by the consumer’s
ability to make purchasing decisions more quickly, the level of consumer awareness,
consumer experience, and level of permanence of shopping behavior [23]. Moreover, to
strengthen and extrapolate the research, the model provided was tested across the big
five personality traits, which may help in providing a bigger picture of the situational
influences, practically during the COVID-19 pandemic. To achieve these purposes, this
research tried to find answers to the following research questions (RQs):
RQ1: How does social support influence online purchase intention during the COVID-19
pandemic?
RQ2: How do the situational influences influence online purchase intention during
the COVID-19 pandemic?
RQ3: How do social support and situational influences vary among different person-
ality traits during the COVID-19 pandemic?
The following section reviews the relevant literature and frames the hypotheses of
situational influences and social support and illustrates the big five personality traits. The
research methods, data collection and analysis, and outcomes are discussed in Section 3.
Section 4 introduces the discussion of data and contributions of the study. Section 5
identifies limitations and future recommendations.
2. Theoretical Background and Hypotheses’ Development
2.1. Situational Influences
According to Belk [24], situational influences are “all those factors particular to a time
and place of observation which do not follow from a knowledge of personal and stimulus
attributes and which have a demonstrable and systematic effect on current behavior”.
He classified them into five types: first, the physical surrounding, i.e., the geographical
and institutional place, weather, interior decoration, and internal surrounding, such as
“sounds, aromas, lighting, weather, and visible configurations of merchandise or other
material surrounding” that stimulate people; second, the social surroundings that describe
the presence of others, “their characteristics, their apparent roles, and interpersonal inter-
actions”; third, the temporal perspective, that is, the time of day and season of the year,
which could also be measured relative to a past or future event; fourth, the task definition,
a situation that includes an intent or requirement to expose, shop, or seek knowledge about
a general or specific product; finally, antecedent states, which includes “momentary moods
or conditions of buying, such as anxiety, pleasantness, hostility, excitation, and illness” [24].
Previous studies that focused on the effect of situational influences on online buying
were limited compared to those that studied the effect of the latter on offline or traditional
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buying. Moreover, literature on the impact of situational influences on online buying during
the pandemic is scarce. Thus, this paper investigates the effect of situational influences,
convenience, and mood on online buying during the COVID-19 pandemic. Convenience,
as a physical surrounding factor, and mood, as an antecedent state factor, seem to be
relevant indicators of consumers’ buying intentions during the COVID-19 pandemic. This
is because when COVID-19 cases have increased and, as a result, social distancing, online
shopping, and home delivery have become the norm, some consumers’ practices have
changed [25]. Consumers who have a problem travelling from a place to another due
to the large geographical distance or health issues, such as illness, find online buying a
convenient alternative [26]. Thus, this study adopted the convenience type developed
by Jiang et al. [27], that is, “access convenience”, where online consumers can shop any
time from any location and spend less time and effort to avoid unfavorable crowds. In
their study about consumers’ perception of online shopping convenience, Jiang, Yang,
and Jun [27] found that access convenience is the first driver of overall online shopping
convenience. Nowadays, most retailers serve their customers through a click-and-mortar
mode of business, and, since the outbreak of COVID-19, many retailers have started to
serve consumers at their homes to keep them safe [28].
On the other hand, consumers’ moods are expected to have an influence on consumers’
online buying during the pandemic as most people experienced psychological pressure.
Buying has a mood-lifting function for consumers [29]. According to Zhuang et al. [30],
consumers’ moods affect their purchasing behavior (happy consumers tend to buy more
than unhappy consumers), whereas Lee and Lee [31] noted that consumers’ negative
moods could be relieved by indulging in shopping and consumers who shop online are
more indulgent than those who shop offline, for they avoid crowds and interruptions
caused by others. They also found that both positive and negative moods have a positive
effect on consumers’ attitudes towards online shopping. Given the new regulations and
restrictions during the COVID-19 pandemic, and based on these arguments, the following
hypotheses were proposed:
Hypothesis 1 (H1). Convenience has a positive significant influence on consumers’ online buying
intentions during the COVID-19 pandemic.
Hypothesis 2 (H2). Positive mood has a positive significant influence on consumers’ online buying
intentions during the COVID-19 pandemic.
Hypothesis 3 (H3). Negative mood has a positive significant influence on consumers’ online
buying intentions during the COVID-19 pandemic.
2.2. Social Support
Social support is defined as “the social resources that persons perceive to be avail-
able, or that are actually provided to them by non-professionals in the context of both
formal support groups and informal helping relationships” [32]. The literature indicates
that social support is a multifaceted concept including several types of support, such as
“informational support, emotional support, instrumental support, and companionship”,
e.g., [33,34]. Exchanging social support in social commerce might be realized through
non/verbal communications [35] via content. In social commerce, user behavior is driven
by two formats of social support: informational and emotional support [36]. Particularly,
informational support is reflected by product ratings and reviews, product recommen-
dations, and shopping experiences to resolve problems based on user-generated content.
Emotional support relates to psychosocial support such as the extent of care, assistance,
and degree of comfort being exchanged seeking problem solutions [37].
Social commerce users are willing to share their buying experiences and are more
inclined to learn from the experiences of others [38]. The reasons behind this are to seek
information appropriately and engage with other users regardless of their cultural, geo-
graphic, and organizational background [39]. Social support has a greater effect on online
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rather than offline settings [40]. Customers seek two types of social support: informational
and emotional supports [41]. Social support strengthens bonds between members of the
group [42] and endows them with the emotional attention and informational help [42,43]
that exist in the social commerce communities [44]. Social interaction in social media
communities aids purchase decisions and enhances product involvement [45]. For instance,
it was found that consumers are willing to try mobile food applications from their friends
and colleagues [46]. Reviews provided in third-party websites increases the likelihood
of purchasing [47]. Social support in its two dimensions, informational and emotional,
builds trust in social commerce websites [48,49]. Under the new regulations of social dis-
tancing, people are predisposed to apply social distancing when their close people do [50].
Consumers, during the COVID-19 pandemic, under the pressure of the lockdown where
physical social interaction is limited and risky, would seek more social support when they
purchase online. Therefore, we hypothesized the following:
Hypothesis 4 (H4). Social support has a positive influence on consumers’ online buying intentions
during the COVID-19 pandemic.
2.3. The Big Five Personality Traits
Personality refers to “psychological qualities that contribute to an individual’s endur-
ing and distinctive patterns of feeling, thinking, and behaving” [51]. A number of studies
view the dimensions of personality, the widely and comprehensive accepted model, as
based on the big five traits’ theory of Costa Jr. and McCrae [52], which describes five traits
of personality: (1) extraversion, (2) neuroticism, (3) agreeableness, (4) conscientiousness,
and (5) openness to experience. According to this framework, the five dimensions include
attributes behind each personality trait. The big five personality traits’ model has been
widely validated in various domains and across different cultures [53–57].
Extraversion refers to a personality trait as being concentrated on the outside world
and people who like to socialize and connect with others. These people are thought of as
assertive and kind and liking positive emotions [57]. Neuroticism reflects a trait that is edgy
and emotional instable and feels low self-esteem and despair [58]. Agreeableness people are
characterized as friendly, compassionate, generous, and benevolent [59]. People who are
described as conscientiousness are well-organized, self-disciplined, and act dutifully [60].
Finally, openness to experience relates to people who are imaginative, liberal, creative, and
seek novel experiences [61].
2.4. Online Purchase Intention
Online purchase intentions refer to the customer’s behavioral intention to conduct
purchasing transactions online [62]. Arguably, and similar to offline purchase intentions
(i.e., intentions to purchase at conventional stores), the occurrence and the strength of
online purchase intention can be influenced by a variety of situational factors, such as
time [63], virtual surroundings (i.e., e-commerce sites) [64], parasocial interactions [65],
mood [29,66], and, most recently, pandemic situations, which are comprised of lockdowns
and psychological pressures [67].
Moreover, concerning social influences, research has shown that social support in the
form of interactions between social commerce websites’ users is positively associated with
online purchase intentions [68–70]. Similarly, but mediated by an e-commerce website’s
dependency, researchers Bianchi et al. [71] found that this positive association holds true in
a cross-cultural context. To date, iteratively, there is a dearth of research that has examined
the impact of social support and mood on consumers’ online purchase intentions during
the COVID-19 pandemic. Figure 1 illustrates the research model.
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3. Research Methodology
3.1. Research Setting
To test the research model in Figure 1, this research setting involved participants who
used social commerce websites in the last 6 months and adopted a cross-sectional web
survey. The sample population was British consumers. Data were gathered in December
2020 during the strict lockdown in the UK. Data were from users who had experience
with social commerce website(s) in the last 6 months across different products. Data were
collected via an online consumer panel data (www.prolific.ac, accessed on 1 December
2021). In the Prolific database, we targeted consumers who had been using social commerce
platforms such as Amazon, eBay, Groupon, Facebook marketplace, Pinterest, TripAdvisor,
Yelp, and Rotten Tomatoes. The proposed po ulation size was 2523 potential participants.
Before running the main data collection, a pilot study was mployed to test the wording and
structure of the urvey; a f w questions were amended according to the pilot test results.
W executed means power analysis to predict t e i i re ired partici-
pants to perform the structural equation molding evaluation by G* Power software [72].
With four predictors, an alpha level of 5%, of 8%, the minimum required
sample size was 55. A sum of 403 respon es was r ceived, repr senting 16% of the otal
sample ( 523). How ver, s ven w re exclu e due to insufficient filling time, one was
removed because of the inappropriate social co merce platform, and 46 had more than
15% of missing values among the scales and they, th refore, w re removed from the d ta
analysis [73]. In total, 349 responses were included in the analysis (see Table 1, which
details the sample profile).
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Over 64 13 3.7
Missing 1 0.3
Level of Education



















More than £150,000 5 1.4
Prefer not to answer 16 4.6




Once in 6 months 17 4.9
Once in a year 2 0.60
Other 4 1.1




Openness to Experience 68 19.5
Neuroticism 72 20.6
3.2. Scale Measurement
All the measurement items were originally adopted from the preceding literature
and adapted to the purpose of this research context. All constructs’ measurement items
were measured with a multi-item reflective scales’ measurement. We measured social
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support as a second-order construct, and information support (three-item) and emotional
support (four-item) as lower-order constructs, adapted from Liang, Ho, Li, and Turban [36]
and Bazi et al. [74]. The convenience construct included four items, which were adapted
from Collier and Sherrell [75]. Items for positive and negative moods were adapted from
Pappas et al. [76]. The purchase intention construct was measured with five items and
adapted from Dodds et al. [77]. Personality traits were treated as control variables: Nine
items measured the agreeableness, nine items measured the conscientiousness, eight items
measured the extraversion, eight items measured neuroticism, and 10 items measured
the openness to experience. All personality traits measurement items were adapted from
John et al. [78] and used in Benet-Martínez and John [79] and Walczuch and Lundgren [80].
Seven-point Likert scales were employed to measure the items, anchored by (1) strongly
agree to (7) strongly disagree.
3.3. Data Analysis
A variance-based structural equation modelling, particularly Partial Least Squares-
Structural Equation Modelling (PLS-SEM), was employed to analyze the data and the
model. PLS-SEM allows synchronous analysis of measurement and structural models. PLS-
SEM is particularly useful in studies on achievement drivers (Hair et al. [81]) and purchase
intention in this study, and it is considered as a prominent methodological approach [82,83],
with a number of prominent journals publishing review studies documenting its use across
a variety of disciplines, such as information management and marketing (see, for instance,
Hair et al. [84] and Ringle, et al. [85]. PLS-SEM was chosen in this study over covariance-
based SEM for its appropriateness in prediction applications and theory, such as the case in
this study, rather than for testing an established theory [86]. PLS-SEM has the ability to test
hierarchical component models, comprising higher-order constructs that are composed of
lower-order factors that are formatively composed of higher-order factors [87], such as the
conceptualization of social support in this study. Specifically, SmartPLS V3.3.3 [88] was
employed.
3.4. Social Support as a Higher-Order Component
Hierarchical component models (HCMs) in this study were modelled for social sup-
port construct, using the repeated-indicators approach [89]. In this study, given that the
number of indicators across the lower-order components (Informational and emotional
support) forming the higher-order component (social support) are alike, thus satisfying
the recommended requirement of Becker et al. [90], the repeated-indicators’ approach was
chosen to model social support as a higher-order component.
Social Support as formative HOC was tested to assess the measurement quality fol-
lowing Diamantopoulos and Winklhofer [91]. Measuring the correlation between LOCs of
informational support and emotional support was 0.464. The results confirmed that social
support was better modelled as a formative HOC, following Pavlou and El Sawy [92]. A for-
mative HOC would lower the correlations between the LOC when a reflective higher-order
component would show particularly high correlations among its lower-order component
(often above 0.8). In terms of relationships between social support and its contributing
higher-order components, both higher-order components had similar effects (informa-
tional support = 0.50, emotional support = 0.57), hence, having equal relevance in forming
the HOC.
The variance inflation factor (VIF) was computed for informational and emotional
supports to test whether the common bias would rise. A value above 10 indicates excessive
multicollinearity and questions the validity of the formative structure [91]. In this study,
VIF values for informational support (2.27) and emotional support (2.27) were within
the satisfactory limits, of below 10 (VIF) and above 0.1 (tolerance), and also fulfilled the
conservative values of Hair et al. [93] in PLS-SEM analysis that VIF should be below 5 and
tolerance above 0.2, referring that common bias was not determined in the analysis.
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3.5. Results: Evaluation of the Measurement Models
The measurement model was examined to assess the indicators’ loadings, constructs’
reliability, convergent validity, and discriminant validity. Table 2 explains the items’ load-
ing, construct reliability (CR), and average variance extracted (AVE). All the measurements’
items’ loading were above the threshold of 0.708, except two measurement items of con-
venience construct (CV1 and CV2) that were below the threshold; therefore, they were
excluded from the analysis. The CR and AVE scores were all above the threshold of 0.70
and 0.50, respectively [94]. Therefore, the measurement model achieved a satisfactory
internal consistence and convergent validity [95].
Table 2. Measurement items loading, CR, and AVE.
Constructs and Indictors ItemLoading CR AVE
Emotional Support
0.90 0.70
SE1: Whenever I have faced difficulties, some people on social commerce platforms are on my side. 0.76
SE2: Whenever I have faced difficulties, some people on social commerce platforms comforted and
encouraged me. 0.89
SE3: Whenever I have faced difficulties, some people on social commerce platforms listened to me
talking about my private feelings. 0.83
SE4: Whenever I have faced difficulties, some people on social commerce platforms expressed interest
and concern in my well-being. 0.86
Informational Support
0.93 0.83
SI1: Whenever I have been in need of help, some people on social commerce platforms have been
offering me suggestions. 0.90
SI2: Whenever I have encountered a problem, some people on social commerce platforms would
give information to help me overcome the problem 0.91
SI3: Whenever I have faced difficulties, some people on social commerce platforms would help me
discover the cause and provide me with suggestions 0.91
Convenience
0.92 0.86CV3: I value the ability to use social commerce platforms from the comfort of home. 0.93
CV4: I like the ability to use social commerce platforms without leaving home. 0.92
Positive Mood
0.90 0.75
PM1: I feel happy after shopping from social commerce platforms 0.86
PM2: I have a warm feeling after shopping from social commerce platforms 0.90
PM3: I feel valued after shopping from social commerce platforms 0.84
Negative Mood
0.95 086
NM1: I feel angry after shopping from social commerce platforms 0.92
NM2: I am in a bad mood after shopping from social commerce platforms 0.95
NM3: I feel upset after shopping from social commerce platforms 0.91
Purchase Intention
0.93 0.70
PI1: The likelihood of purchasing a product featured on social commerce platforms 0.85
PI2: If I were going to buy a featured product, I would consider buying it from social
commerce platforms 0.87
PI3: I would consider buying a product featured on social commerce platforms 0.87
PI4: The probability that I would consider buying a product from social commerce platforms 0.84
PI5: My willingness to buy a product featured on social commerce platforms is 0.76
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Following Hair et al. [96], discriminant validity was then assessed using Fornell and
Larcker [97] factors’ correlations and Heterotrait–Monotrait ratio (HTMT) [98]. All the
constructs’ correlations were above the squared value of AVE, and HTMT ratio was under
0.85, which yields that the measurement model is discriminant valid. Table 3 illustrates the
discriminant validity scores. Additionally, we tested the measurement model for the group-
specific personality traits (Control variables) (see Appendices A and B for the assessment
benchmark).
Table 3. Discriminant validity results.




























3.6. Results: Evaluation of the Structural Model
After measuring the inner model’s validity and reliability, we assessed the structural
model. The structural model assessment contains six main steps: assessing (1) “structural
model for collinearity issues”, (2) “the significant and relevance of the structural model
relationships”, (3) “the level of R2, (4) “the f2 effect size”, (5) “the predictive relevance Q2”,
and (6) “the q2 effect size” [94]. Figure 2 illustrates the model test for the full path model.
Table 5 illustrates the results of the complete model and the five personality traits’ groups.
Prior to testing the implications of control variables and gender and personality traits, we
tested the configural invariance, compositional invariance, and the assessment of equal
means and variances’ assessments (MICOM), following Hair et al. [99], to establish invari-
ance measurement across the two groups of gender and the five groups of personality traits
(see online Supplementary Materials). Table 4 illustrates the structural model controlled by
gender variable (Female and Male). For the female group, all hypotheses were supported,
except the social support hypothesis, which social support influenced online purchase
intention negatively, while in the Male group, all hypotheses were accepted, except hy-
pothesis 4 (social support). For the whole model, all hypotheses were supported except
negative mood (hypothesis 3) and the social support-related hypothesis (Hypothesis 4).






Coeff 95% BC-CI t-Value p-Value f -Square
Hypothesis
Outcome
SS > PI 1.17 −0.13 [−0.23:−0.06] 2.82 0.00 0.03 Rejected
CV > PI 1.17 0.26 [0.16:0.36] 4.30 0.00 0.10 Accepted
PM > PI 1.40 0.48 [0.38:0.57] 8.03 0.00 0.28 Accepted
NM > PI 1.23 −0.11 [−0.23:−0.06] 1.88 0.03 0.02 Rejected






Coeff 95% BC-CI t-Value p-Value f -Square
Hypothesis
Outcome
SS > PI 1.30 −0.03 [−0.13:−0.09] 0.45 0.33 0.03 Rejected
CV > PI 1.09 0.28 [0.12:0.45] 2.84 0.00 0.13 Accepted
PM > PI 1.38 0.43 [0.28:0.36] 4.98 0.01 0.28 Accepted
NM > PI 1.11 −0.23 [−0.37:−0.08] 2.54 0.01 0.08 Rejected
PI R2: 0.42; PI Q2: 0.29; PI Q2 effect size: 0.39
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SS > PI 1.20 −0.09 [−0.16:−0.02] 2.05 0.02 0.01 Rejected 1.15 −0.05 [−0.15:0.06] 0.72 0.24 0.00 Rejected
CV > PI 1.13 0.27 [0.18:0.36] 4.73 0.00 0.11 Accepted 1.09 0.22 [0.11:0.34] 3.23 0.00 0.08 Accepted
PM > PI 1.37 0.46 [0.37:0.54] 9.11 0.00 0.25 Accepted 1.25 0.47 [0.36:0.57] 7.22 0.00 0.27 Accepted
NM > PI 1.15 −0.15 [−0.24:−0.07] 2.88 0.00 0.03 Rejected 1.17 −0.12 [−.25:0.00] 1.60 0.05 0.02 Rejected



























SS > PI 1.16 −0.08 [−0.18:0.02] 1.37 0.08 0.00 Rejected 1.44 −0.01 [−0.16:0.14] 0.17 0.43 0.00 Rejected
CV > PI 1.08 0.25 [0.14:0.35] 3.74 0.00 0.10 Accepted 1.35 0.16 [−0.01:0.33] 1.50 0.07 0.05 Accepted
PM > PI 1.30 0.48 [0.37:0.58] 7.65 0.00 0.27 Accepted 1.74 0.54 [0.31:0.72] 4.41 0.00 0.25 Accepted
NM > PI 1.12 −0.11 [−0.20:−0.02] 2.00 0.02 0.02 Rejected 1.50 −0.18 [−0.34:−0.01] 1.74 0.04 0.05 Rejected
PI R2: 0.38; PI Q2: 0.25; PI Q2 effect size: 0.34 PI R2: 0.49; PI Q2: 0.34; PI Q2 effect size: 0.40
Path

























SS > PI 1.26 −0.11 [−0.22:0.03] 1.35 0.09 0.00 Rejected 1.22 −0.05 [−0.15:0.07] 0.68 0.25 0.02 Rejected
CV > PI 1.23 0.38 [0.15:0.59] 2.77 0.00 0.21 Accepted 1.14 0.23 [0.12:0.34] 3.41 0.00 0.09 Accepted
PM > PI 1.38 0.44 [0.30:0.59] 4.97 0.00 0.25 Accepted 1.44 0.51 [0.38:0.61] 7.22 0.00 0.29 Accepted
NM > PI 1.21 −0.13 [−0.32:0.03] 1.24 0.11 0.04 Rejected 1.24 −0.13 [−0.25:−0.01] 1.82 0.03 0.03 Rejected
PI R2: 0.49; PI Q2: 0.30; PI Q2 effect size: 0.39 PI R2: 0.44; PI Q2: 0.29; PI Q2 effect size: 0.41
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4. Discussion
In this study, our main target as to investigate how the situational factors (i.e., con-
venience, positive m o , egative mood) and social support influence purchase intention
on social commerce websites during the COVID-19 pandemic, particularly during the
lockdown period in the UK (December 2020). We additionally controlled the effect of these
situational factors on the big five personality traits: extraversion, neuroticism, agreeable-
ness, conscientiousness, and openness to experience. The analysis revealed several unique
and insightful findings.
The findings showed that convenience and positive mood boost online buyers’ in-
tentions to purchase from social commerce websites, while negative mood does not. The
results support the findings of prior studies, which indicated that convenience simpli-
fies online shopping and purchase behavior [75,100]. The study’s findings showed how
positive and negative moods can facilitate online purchase intention in social commerce
websites and can promote buyers’ purchase intention in social commerce websites. In our
study, negative mood decreased online purchase intention.
Contrary to expectations, social support findings were the inverse of the findings of
previous literature in that buyers on social commerce websites did not seek social support
or informational or emotional support during the COVID-19 pandemic. This was found
across the five personality traits. Previous literature indicated that social support facilitates
relationship quality with e-vendors [69], leading to reviews on social commerce websites
and generating intention to continue using them [36], motivating users to share their
experiences with others [9,101], encouraging buyers to write comments and contribute
to the content of vendors on social commerce websites [102], and engaging customers in
social commerce websites [74]. Unexpectedly, this study’s findings revealed that social
support across the five personality traits had completely different results.
The effect of situational factors varies depending on the personality trait. Agreeable-
ness buyers do not buy from social commerce websites when they feel angry and upset,
but they do when they are relaxed and feeling optimistic. Conscientiousness buyers are
more willing to buy online when they are in a positive mood but do not buy when they
are in a negative mood. The same results were for extravert and open-minded buyers.
However, neurotic buyers become less willing to buy when they are in a pessimistic mood.
These results stand in sharp contrast to previous studies in e-commerce, which found that
personality traits are not associated with online retailers’ trust [80].
4.1. Theoretical Contributions
By establishing an understanding of situational influences as a determinant of online
purchase intention in social commerce websites during the COVID-19 pandemic, this study
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provides a clear contribution to knowledge in several significant means and responds to
Paul and Bhukya’s [103], Donthu and Gustafsson’s [104], a Das et al.’s [105] calls to study
the impact of the COVID-19 pandemic on consumer purchase behavior. First, we built a
model based on the situational and social support theories that clarified how buyers are
faring with social commerce websites during the COVID-19 pandemic. To our knowledge,
this study is one of the few empirical studies that assessed the situational factors over
the big five personality traits during the COVID-19 pandemic, hence, enriching the social
commerce literature.
Second, this study advances the knowledge on the role of social support in social
commerce. Social support seems to be unimportant during the COVID-19 pandemic
compared with the normal situation. Interestingly, the study showed that social distancing
is practiced on social commerce websites as well. This might be attributed to the large
amount of information being dispersed on the social commerce websites, which may
have led buyers to rely less on others’ support. In this study, consumers believed in
their abilities to purchase without seeking information and/or emotional support. To be
precise, the COVID-19 pandemic has changed consumers’ purchasing intentions on social
commerce websites.
Finally, this study expanded the model and assessed it on the big five personality
traits, thus providing interesting insights into both the social commerce and personality
literature. We believe that this study is the first step towards understanding the situational
influences in social commerce research across the big five personality traits.
4.2. Practical Contributions
This study delivers some valuable insights into the impact of situational influences
and social support on consumers’ online buying intentions. Understanding the study’s
findings could enhance managers’ knowledge about the factors that drive consumers
towards online buying, especially during the COVID-19 pandemic. First, the results of
this paper, in line with previous literature, suggest that managers should consider the
convenience of their social commerce website in terms of its ability to reduce time and
effort as a key stimulus that drives consumers to shop on their sites. Second, the study
is also positive about the influence of consumers’ moods on their intention to buy online
during the pandemic. Based on the abovementioned points, managers are recommended to
make the online shopping experience much friendlier and more exciting and entertaining
for all consumers. Finally, social commerce managers should monitor customers’ usage of
social support features on their websites. If those features have no influence on consumers’
online buying, as the study’s findings imply, managers should pay more attention to the
availability and abundance of information on their websites, so that consumers can buy
without the help of others.
5. Limitations and Future Research
This study has several limitations. First, the generalizability of the findings is limited
to the population of the study. A future study is suggested to examine samples from
different countries. Second, the data were collected during a strict lockdown in the UK (in
December 2020), which may have affected the respondents’ online buying intentions during
the COVID-19 pandemic. This limitation calls for a longitudinal study that investigates
respondents’ online buying intentions during different levels of precaution measures.
Third, the study was not specific to a particular product (i.e., item, line, or category).
Hence, it was not possible to ascertain if the negative relationship between social support
and online purchase intention holds true across product categories, especially if most
consumers bought low-involvement products for which social support is unnecessary [106].
Marketing researchers are recommended to study the role of social support across different
product categories. Fourth, the study focused on studying consumers’ buying intentions
on social commerce websites only, whereas many people may shop on pure e-commerce
websites (i.e., websites without social features). Therefore, a future study is encouraged
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to include other types of e-commerce websites. Finally, only two situational influences
(i.e., convenience and mood) were examined here. The reason behind this was already
justified, but it is possible to test in future research other situational factors, such as time
pressure and task definition, that would affect consumers’ online buying intentions during
the COVID-19 pandemic.
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Appendix A











CR AVE ExtraversionItem Loadings CR AVE
Neuroticism






Support 0.92 0.74 0.90 0.69 0.90 0.69 0.92 0.73 0.89
SE1 0.78 0.71 0.71 0.84 0.74
SE2 0.91 0.91 0.87 0.88 0.87
SE3 0.86 0.83 0.83 0.86 0.81
SE4 0.89 0.87 0.90 0.86 0.86
Informational
Support 0.94 0.85 0.95 0.86 0.95 0.86 0.93 0.81 0.93
SI1 0.92 0.92 0.92 0.87 0.91
SI2 0.92 0.93 0.92 0.92 0.90
SI3 0.92 0.93 0.95 0.91 0.91
Convenience 0.93 0.86 0.93 0.86 0.91 0.83 0.96 0.92 0.93
CV3 0.92 0.94 0.92 0.96 0.92
CV4 0.94 0.91 0.90 0.96 0.94
Positive
Mood 0.89 0.72 0.90 0.74 0.90 0.76 0.93 0.83 0.90
PM1 0.85 0.83 0.83 0.9 0.86
PM2 0.87 0.91 0.92 0.91 0.88
PM3 0.83 0.84 0.86 0.92 0.86
Negative
Mood 0.94 0.84 0.94 0.85 0.96 0.88 0.95 0.87 0.94
NM1 0.90 0.92 0.91 0.94 0.92
NM2 0.95 0.95 0.97 0.96 0.95
NM3 0.90 0.89 0.94 0.89 0.88
Purchase
Intention 0.92 0.71 093 0.72 0.93 0.73 0.93 0.72 0.92
PI1 0.86 0.85 0.85 0.86
PI2 0.86 0.86 0.90 0.91 0.83
PI3 0.87 0.88 0.87 0.89 0.86
PI4 0.85 0.85 0.84 0.83 0.85
PI5 0.76 0.80 0.79 0.74 0.81
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Appendix B
Table A2. Discriminant validity results for Agreeableness group.








Negative Mood 0.01 −0.25 −0.30 0.92(0.05) (0.28) (0.34)
Purchase Intention
0.08 0.31 0.52 −0.32 0.84
(0.11) (0.36) (0.35) (0.35)
The scores in roman are correlations of the constructs, and the scores in italic are the HTMT ratios.
Table A3. Discriminant validity results for Conscientiousness group.








Negative Mood 0.01 −0.25 −0.30 0.92(0.05) (0.28) (0.34)
Purchase Intention
0.08 0.31 0.52 −0.32 0.84
(0.11) (0.36) (0.35) (0.35)
The scores in roman are correlations of the constructs, and the scores in italic are the HTMT ratios.
Table A4. Discriminant validity results for Extraversion group.








Negative Mood 0.00 −0.43 −0.46 0.94
(0.08) (0.49) (0.53)
Purchase Intention
0.19 0.37 0.65 −0.46 0.85
(0.23) (0.43) (0.75) (0.52)
The scores in roman are correlations of the constructs, and the scores in italic are the HTMT ratios.
Table A5. Discriminant validity results for Neuroticism group.








Negative Mood 0.09 −0.34 −0.22 0.93
(0.37) (0.37) (0.24)
Purchase Intention
0.12 0.55 0.55 −0.37 0.85
(0.61) (0.61) (0.59) (0.40)
The scores in roman are correlations of the constructs, and the scores in italic are the HTMT ratios.
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Table A6. Discriminant validity results for openness to experience group.








Negative Mood −0.29 −0.29 -0.37 0.92(0.06) (0.33) (0.41)
Purchase Intention
0.40 0.40 0.60 −0.38 0.85
(0.21) (0.46) (0.68) (0.42)
The scores in roman are correlations of the constructs, and the scores in italic are the HTMT ratios.
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